Objective. To create an efficient imputation algorithm for imputing the SF-12 physical component summary (PCS) and mental component summary (MCS) scores when patients have one to eleven SF-12 items missing. Study Setting. Primary data collection was performed between 1996 and 1998. Study Design. Multi-pattern regression was conducted to impute the scores using only available SF-12 items (simple model), and then supplemented by demographics, smoking status and comorbidity (enhanced model) to increase the accuracy. A cut point of missing SF-12 items was determined for using the simple or the enhanced model. The algorithm was validated through simulation. Data Collection. Thirty-thousand-three-hundred and eight patients from 63 physician groups were surveyed for a quality of care study in 1996, which collected the SF-12 and other information. The patients were classified as ''chronic'' patients if they reported that they had diabetes, heart disease, asthma/chronic obstructive pulmonary disease, or low back pain. A follow-up survey was conducted in 1998. Principal Findings. Thirty-one percent of the patients missed at least one SF-12 item. Means of variance of prediction and standard errors of the mean imputed scores increased with the number of missing SF-12 items. Correlations between the observed and the imputed scores derived from the enhanced models were consistently higher than those derived from the simple model and the increments were significant for patients with ! 6 missing SF-12 items ( po.03). Conclusion. Missing SF-12 items are prevalent and lead to reduced analytical power. Regression-based multi-pattern imputation using the available SF-12 items is efficient and can produce good estimates of the scores. The enhancement from the additional patient information can significantly improve the accuracy of the imputed scores for patients with ! 6 items missing, leading to estimated scores that are as accurate as that of patients with o6 missing items.
according to the amount of SF-12 information missing. These imputation models are either a function of the available SF-12 items alone, or are a function of the available SF-12 items plus additional patient characteristics. Through simulation analyses using baseline and follow-up data 2 years later, we have evaluated and validated the imputation algorithm.
METHODS

Patient Sample and Data Collection
The analysis uses data collected in 1996 by the Pacific Business Group on Health (PBGH), a large nonprofit business coalition of 47 private and public sector purchasers of health care. The Physician Value Check Survey (PVCS) Project surveyed patients who were 18-70-years-old and received care from 63 managed care physician groups (medical groups and Independent Practice Organizations in California, Oregon and Washington). The self-administered mail survey is a full length survey with a total of 131 items, including the SF-12, and information about patient demographics, smoking habit, comorbidity, satisfaction with care, and receipt of preventive care services. As an incentive to complete the survey, respondents were eligible to receive one of 50 $100 cash prizes (Kahn et al. 2003) . PBGH surveyed the same cohort of patients 2 years later in 1998 with the goal of assessing changes in satisfaction, process and outcomes of care between different physician groups (Damberg and Bloomfield 1997) .
The 1996 baseline study population was defined by patients between the ages of 18 and 70 enrolled in any of the 63 physician groups, who had at least one physician encounter during calendar year 1995. The size of the 1996 study population (i.e., the sampling frame) was 1,170,242 patients (Damberg and Bloomfield 1997) . From each physician group, 1,000 patients were randomly selected, with over-sampling of individuals between ages 50 and 70 years to increase the likelihood of detecting 2-year changes in the SF-12. Of the 1,000 enrollees associated with each medical organization, 700 were drawn from 50-to 70-year-old group and 300 from 18-to 49-year-old group. The study assumed a 50 percent response rate at baseline and approximately 20 percent attrition in enrollment over time (Damberg and Bloomfield 1997; Kahn et al. 2003) . Patients who indicated in the 1996 survey that they had at least one of four conditions (diabetes, ischemic heart disease, asthma or chronic obstructive pulmonary disease, or low back pain) were classified as ''chronic'' (n 5 9,980); other patients were considered ''nonchronic'' (n 5 20,324). In 1998, a subset of the patients who responded to 1996 baseline survey were invited for the follow-up survey and 1,661 chronic and 6,985 nonchronic patients responded (with about 60 percent response rate). A detailed description of the study can be found elsewhere (Kahn et al. 2003) .
Algorithm and Statistical Analyses
To understand the characteristics of the baseline patient sample, the distribution of demographics and SF-12 PCS and MCS scores as well as the distribution of number of missing SF-12 items were calculated and evaluated for chronic and nonchronic patients. A multiple-step process was implemented to establish and validate the imputation algorithm. In step one, multi-pattern (different permutation patterns of missing SF-12 items) regressions were performed to impute SF-12 PCS and MCS scores (Little and Rubin 1987; Goldstein 1996; StataCorp 1999) . Multi-pattern imputation is a regression-based imputation approach that fits one regression imputation model for each missing pattern. The STATA ''impute'' procedure was used to implement the algorithm. An imputed value was calculated as the predicted value from the imputation model. These imputation regression models were fitted first using a simple model of only SF-12 items only (simple model), and then using SF-12 items plus patient demographics (age, gender, race/ethnicity, education, income), current smoking status and medical comorbidities (enhanced model) to increase the predicting power of the imputation model and to improve the accuracy of the imputed values.
After imputation, means, medians, quantiles (5, 25, 75 and 95 percent) and variations of the imputed scores were evaluated. The underlying uncertainty because of missing SF-12 items was examined by calculating two measures: the means of variance of prediction from imputation models and the standard errors of the mean imputed values by number of missing SF-12 items in the sample (variance prediction measures the variation of a predicted value from the imputation models). The means of variance of prediction were calculated by averaging the patient level variance of prediction within each number of missing SF-12 items. Because the mean of imputed PCS or MCS scores for a given number of missing SF-12 items was calculated from different imputation models, the close-form solution (i.e., the exact formula for computation) of the standard error of the mean imputed score is practically unobtainable.
We estimated the standard errors of mean imputed SF-12 PCS and MCS scores using bootstrapping methods with 1,000 replicates of samples drawn (Efron 1979; Efron and Tibshirani 1986) . The confidence intervals of means of the imputed scores were then constructed using the bootstrapped standard errors by the number of missing SF-12 items. Based on variations of the mean variance of prediction and the confidence bands formed by confidence intervals of the mean imputed SF-12 values, a cut point of number of missing SF-12 items was determined for using the simple versus the enhanced model to impute SF-12 PCS and MCS scores.
In step two, the 69 percent of patients who had no missing data on SF-12 items were identified and their observed SF-12 PCS and MCS scores were calculated. These patients were then randomly assigned to 11 equal subgroups corresponding to the number of missing SF-12 items from one to 11. Permutations of missing patterns (missing one to 11 out of the total 12 items constitutes a total of 4,094 possible missing patterns) on SF-12 items were generated by simulation for these patients to create the distribution of ''missingness.'' Multi-pattern imputation was then employed to impute the PCS and MCS scores using observed SF-12 items only for simple models and then using observed SF-12 items plus patient demographics, smoking status and medical comorbidity for enhanced models. The imputed PCS and MCS scores were then compared with the observed PCS and MCS scores for these patients by the identified cut point of number of missing SF-12 items for using simple or enhanced imputation models. Correlations between the observed and the imputed PCS and MCS scores were calculated and the differences between correlations were evaluated by the cut point and tested using the asymptotic distribution of the difference of correlation with bootstrapped standard errors of the differences.
Multiple imputation (MI) (Rubin 1987 (Rubin , 1996 can fill in missing data with a set of plausible values that represent the uncertainty about the correct value to impute. Although the SF-12 items and the other measures used in the enhanced models do not meet the assumption of multivariate joint normal distribution, which are generally used for the computation in MI, we also conducted MI in the validation step using SAS MI procedure with the Markov Chain Monte Carlo method and five imputed values for each missing value. Point and variance estimates of the imputed PCS or MCS were calculated for each of the five imputed values from MI. The final point and variance estimates were obtained by averaging the five estimates and then comparing it to that from the multi-pattern regression imputation.
This simulation-based validation analysis was repeated again using 1998 follow-up data to confirm the validation performed using 1996 baseline data.
RESULTS
Of the 30,308 respondents who completed the 1996 survey, 9,431 (31 percent) had missing SF-12 items. The mean ages (SD) were 53 (13) and 54 (12) for respondents with and without missing SF-12 items, respectively. A higher percentage of respondents with missing SF-12 items were female (67 percent) compared with percentage among respondents without missing SF-12 items (60 percent). A majority (62 and 65 percent for with and without missing SF-12 item[s]) of respondents had higher than high school education, with 10 and 7 percent having less than high school education; 27 and 28 percent with high school education. The majority of the respondents had an annual household income of more than $30,000: 73 percent for patients with and 76 percent for patients without missing SF-12 item(s). The mean number of medical comorbidities (SD) was 1.3 (1.3) and 1.5 (1.3) for patients with and without missing SF-12 item(s), respectively (Table 1) . Of the 112,008 SF-12 item responses covered by the 9,334 patients who missed one to 11 items (9,334 Â 12 5 112,008), there were actually only 19,767 (18 percent) missing data items. Since the standard SF-12 algorithm produces missing summary PCS and MCS scores for patients with any missing SF-12 items, the 18 percent missing data leads to a huge loss of 92,241 (112,008 À 19,767) collected SF-12 items from these subjects. Among the respondents, 9,984 (33 percent) identified themselves as having at least one of the four chronic diseases (heart, lung, diabetic, or back pain). The chronic cohort had a mean age (SD) of 57 (10) compared with 52 (13) for nonchronic cohort. There was a higher percentage of female patients in the nonchronic cohort (64 percent) versus the chronic cohort (58 percent). The education and income distributions are similar across chronic and nonchronic patients. The nonchronic patients had better health than the chronic patients in terms of number of comorbidities and SF-12 physical and mental summary scores. The mean number of comorbidities (SD) was 1.9 (1.5) and 1.2 (1.2) for chronic and nonchronic patients, respectively ( po.001). The chronic cohort had a mean PCS score (SD) of 41.8 (11.5) and a mean MCS score of 50.8 (8.2), which is 18 and 3 percent lower than that of nonchronic cohort, respectively ( po.001).
Missing SF-12 items were fairly common--29 percent (2,945) of the chronic cohort and 32 percent (6,486) of the nonchronic cohort had at least one missing SF-12 item. The majority of the patients were missing only a few items (less than six of the 12) and the proportion of patients decreases as the number of missing items increases. Among the patients with missing SF-12 items, 52 percent (1,543) and 50 percent (3,231) were missing one item, while 24 percent (704) and 22 percent (1,400) were missing two items for chronic and nonchronic patients, respectively. There were 76 percent (2,247) and 83 percent (5,402) of patients missing three or less SF-12 items, and .4 percent (12) and 3 percent (170) missing 10 or more SF-12 items for chronic and nonchronic patients, respectively (Table 2) .
For patients with a given number of missing SF-12 items, the patterns of ''missingness'' was fairly spread out across different missing patterns. For example, there were 1,543 patients in the chronic cohort and 3,231 patients in the nonchronic cohort who were missing only one SF-12 item. Among these patients with one item missing, the percent of patients across the 12 items ranged from 4 percent (question #9) to 20 percent (question #7) for chronic patients and from 4 percent (questions #1) to 20 percent (question #7) for nonchronic patients. The three questions that were missing for more than 10 percent of respondents with only one item missing were: ''limited in climbing several flights of stairs''; ''limited in the kind of work or other activities''; and ''did work or other activities less carefully than usual as a result of emotional problems.'' Although not a uniform distribution, the proportion of patients missing early SF-12 items was about the same as the proportion who were missing later SF-12 items (Table 3 ).
The means of variance of prediction of imputed PCS and MCS increased almost monotonically by the number of missing SF-12 items. For chronic patients, the means of variance of prediction of imputed range from 2.18 to 88.37 for PCS and from 2.58 to 80.08 for MCS, respectively. For nonchronic patients, the means range from 1.42 (1.89) to 48.53 (58.81) for PCS and from 1.89 to 58.81 for MCS, respectively. The increments of mean variance of prediction also increase with the number of missing SF-12 items (see Figure 1 ). For both chronic and nonchronic patients, when the number of missing items was six or more, the increments of the mean variance of prediction compared with fewer missing items were generally above three and the means of the variance of prediction themselves reached above 10, indicating that the uncertainty because of missing SF-12 items was quite large. The means of imputed PCS and MCS scores showed a slightly downward trend as the number of missing SF-12 items increased. The width of confidence bands of mean imputed values significantly increased when the number of missing items was six or more, signifying that additional information beyond the nonmissing SF-12 items may be needed to increase the accuracy of imputed PCS and MCS scores. The distributions of standard errors of means of imputed SF-12 PCS or MCS scores derived from enhanced models are similar to that derived from the simple models but have smaller ranges except for MCS of the chronic cohort. The standard errors corresponding to a different number of missing items ranged from .28 to 4.77 for PCS and from .26 to 3.31 for MCS in the chronic cohort, and from .15 to 1.44 for PCS and from .15 to 1.13 for MCS in the nonchronic cohort.
The results of imputation of PCS and MCS by using multi-pattern regression based imputation were similar to that from MI. For chronic patients missing fewer than six items, the means (variances) for PCS and MCS were The relationship between PCS or MCS and other measures that were outside the imputation models remain similar before and after imputation. For those missing fewer than six items, the correlations between satisfaction and use of hospital with imputed PCS (MCS) were .09 (.15) and À .06 (À .02), compared with .11 (.16) and À .06 (À .02) with observed PCS and MCS. For those missing six or more items, the correlations were .09 (.19) and -.09 (À .06) for imputed, compared with .07(.22) and À .12 (À .02) for observed, respectively.
In the simulation analysis, means of the imputed PCS and MCS were very close to that of the observed and the differences between the imputed and observed means were quite small, ranging from À .114 to .158. The difference in absolute values were smaller for missing fewer than six items (with the simple imputation, range from .006 to .057) compared with that for missing ! 6 items (with the enhanced models, range from .051 to .158). There were no systematic directions of these differences for either the simple or the enhanced models. Stratified by missing o6 or ! 6, the statistical tests for the null hypotheses that the differences between the observed and the imputed PCS or MCS scores equal to zero yielded nonsignificant results ( p4.05) for both simple and enhanced imputation models.
Product-moment correlations between the imputed and the observed SF-12 PCS and MCS scores were larger for those missing fewer than six items, ranging from .96 to .97, compared with the correlations that were calculated for those missing six or more items (.77 to .83). The relationships between the imputed and the observed PCS or MCS scores were similar across the range of the scores but slightly tighter at the two ends than at the middle ranges of the scores. As an example, Figure 2 shows a scatter-plot of the imputed and the observed PCS for chronic patients missing fewer than six items. The difference between correlation coefficients derived by the enhanced and the simple models for missing six or more items was consistently larger than the difference of correlations for those missing fewer than six items. The differences of correlation between the observed and the imputed SF-12 PCS and MCS derived from the simple models and the enhanced models were all positive. Except for the MCS score in chronic patients, all these increments of correlations between the imputed and observed SF-12 PCS or MCS scores were statistically significant for patients missing six or more SF-12 items ( po.05) ( Table 4) .
The validation analyses using 1998 follow-up data produced similar results as the 1996 data analyses and further confirmed the findings. The validation analyses with follow-up data again showed that the correlation coefficients between the observed and the imputed SF-12 summary scores derived from the enhanced models have significant improvement over that from the simple models if the number of missing SF-12 items was six or greater (Table 5 ).
DISCUSSION
For the large cohort of patients in the PVCS (n 5 30,308), about 30 percent (9,431) of patients submitted a survey with one or more SF-12 items missing. The relatively high missing rate of SF-12 items in the PVCS cohort could be because of a number of factors, such as patient characteristics, content, and the length of survey. The PVCS surveys were full-length questionnaires consisting of as many as 131 items. The self-administered mail mode of data collection used in the PVCS is more likely to lead to missing data than a telephone or face-to-face survey. Although some other studies have reported lower rates of missing data for the SF-12 items than were observed in this study (e.g., NCQA 2002) reported that Medical Health of Seniors survey yielded one or more missing SF-36 items for about 25 percent (NCQA 1998), missing SF-12 items are not uncommon. Because of the large sample size, the differences in distribution of patient characteristics at baseline between those with and without missing SF-12 item were significant, the actual differences were not substantial; for example, mean age differed by only 1 year. Among the patients who had missing SF-12 item(s), most of the patients (480 percent) missed fewer than three items. Since the standard SF-12 algorithm produces missing PCS and MCS scores for patients with any missing SF-12 item, the nearly one-third missing SF-12 scores would significantly weaken the analytical power and could produce inaccurate or biased estimates. Although the 12 SF items vary somewhat with respect to rates of missing, overall, the missingness was fairly spread across many patterns. For patients with fewer than six items missing, all the missing patterns were present (e.g., there are 220 missing patterns with three items missing and all the 220 patterns were present in the data). The number of patients with a large number of missing items is small, and only a subset of the possible missing patterns was observed for those with six or more missing items. When the number of missing SF-12 items increases, the available information for imputing SF-12 scores decreases and uncertainty increases and enhanced imputation models are worth considering. We can see this phenomenon through two measures: the mean variance of prediction from the imputation models and the standard errors of the mean imputed scores. The mean variance of prediction increases almost monotonously as the number of missing SF-12 items escalates. Although the increase of standard errors could be partially affected by the fact that the number of patients with a substantial number of missing SF-12 items is fewer than those with smaller numbers of missing items, its increase is consistent with the increase of mean variance of prediction, which is a ''sample-size-free'' estimate of the variance of predicted value from imputation models.
Results from simulation analyses provided strong support for our algorithm. By using those who have complete SF-12 items and other predictors, we were able to link and compare the imputed SF-12 summary scores to the observed values to validate the proposed imputation algorithm. By testing the differences between the observed and the imputed SF-12 scores using the identified cut point, we found that the multi-pattern regression based imputation algorithm produced good estimates of the SF-12 scores using either available SF-12 items only or the available SF-12 items plus patient demographics, smoking status, and the medical comorbidities. However, with most of the SF-12 items already present in the model, the enhanced models fail to bring the imputed scores significantly closer to their observed values and did just about the same as the simple models. In fact, the correlation coefficients between the observed and the imputed PCS and MCS scores from the enhanced model were about the same as that from the simple model. In contrast, when the number of missing SF-12 items was six or more, the correlation coefficients between the observed and the imputed SF-12 scores derived from the enhanced models were significantly improved compared with that derived from simple models. This is because when more SF-12 items were missing, the predictive power of the imputation models that only use the few available SF-12 items leave a large amount of unexplained variation in SF-12 scores. Under such circumstances, the enhanced model with additional patient information is able to significantly improve the accuracy of the imputed values.
To further evaluate the algorithm, the same validation analysis was repeated using the 1998 follow-up data. The validation results based on the 1998 data once again indicated that additional patient information was needed to improve the quality of the imputed SF-12 scores when the number of missing SF-12 items was six or greater. However, when the number of missing SF-12 items was less than six, the majority of the SF-12 items available still carried most of the information about the SF-12 scores. In such situations, the additional patient information can make only a trivial contribution to improve the accuracy.
Since more missing SF-12 items is associated with more uncertainty, in circumstances with more missing, one might benefit from using data from outside the scale. The additional information provided by patient demographics, smoking status, and medical comorbidity accounts for the enhanced model's ability to account for variation in SF-12 scores when most of the items were missing. Although it appears that the use of data exogenous to the original scale makes the relationship between PCS or MCS and the outside scale measures more complicated, this linkage between SF-12 measures to the likely predictors during imputation have in fact tightened the real relationship between the quality of life measures and the potential predictors.
When the number of missing items is six or more, even with the enhanced models, the quality of the imputed scores is not the same as that when missing is less than six. Therefore imputed scores should be carefully evaluated for patients with a large number of missing items, particularly if the missings are more concentrated on physical or mental items. Also, in order to implement the enhanced models, one needs to collect the additional measures beyond the SF-12 scale. Although extra effort may be needed to collect the information, the value and trade-off for being able to use enhanced models are likely to be worthwhile in certain circumstances.
Given large variations in observed measures of health related quality of life among patients and the complex scoring algorithm of PCS and MCS, naïve methods, such as mean imputation, will not be powerful enough to generate accurate imputations. Even for simple summated scales, naïve mean imputation will likely lead to bias since it ignores the variation within an item and the difference from patient to patient. For complicated methods, one could, for example, consider using a MI approach to introduce sampling variations to the imputed values. The obvious limitation of single imputation methods is that it cannot reflect sampling variability under one model for nonresponse or uncertainty about the correct model for nonresponse. MI imputes multiple PCS and MCS scores for a given patient. If the multiple imputed values are derived from one model, one can combine them to create an inference that validly reflects sampling variability. If the multiple imputed values are from more than one model, uncertainty about the correct model is displayed by the variation in valid inference across the models (Little and Rubin 1987) . For the particular question of imputing SF-12 PCS and MCS scores using our data, the point and variance estimates are similar between MI and multi-pattern regression-based imputation, which has a level of complexity similar to other single imputation methods. The differences of point estimates are trivial ranging from À .32 to .02, which are .62 to .04 percent of the point estimate from MI. The differences in variance estimates are larger than that of the means but not great and the estimated variances from multi-pattern imputation are smaller than that from MI. This is probably because multipattern imputation imputes a single value for each missing and does not reflect the uncertainty about the predictions of the unknown missing values. However, most of the MI algorithms are based on the assumption of multivariate normal distribution and most of the SF-12 items and the outside scales measured used in the enhanced models are either binary or nominal categorical measures. Furthermore, more steps are involved to generate the multiple imputed values and then to combine the results to make an inference. We aimed to create an effective SF-12 imputation method for general SF-12 users and the algorithm proposed in the paper uses a straightforward regression approach and yields satisfying results.
There are several limitations in these analyses that should be noted. First, although cardiovascular disease, pulmonary disease, diabetes, and back pain are prevalent chronic conditions in the general adult population, the definition of chronic disease we used in the study is selective, and it does not cover the universe of chronic disease. Secondly, because of the complexity of multipattern imputation, no closed-form solutions of standard errors of the mean imputed values and the difference of the correlation coefficients were available. The bootstrapped standard errors were used for statistical testing. Although we used a large number of replicates in an attempt to increase the accuracy, the precision of the estimated standard errors are limited by the bootstrapping algorithm and the software used. Lastly, the statistical testing for the differences of correlation coefficients was based on asymptotic distribution and it may not work well with a finite sample.
In summary, the proposed imputation algorithm for SF-12 physical and mental component summary scores can help with the prevalent problem of missing data for some of the SF-12 items. This algorithm estimates the physical and mental scores that would be missing in using the standard SF-12 algorithm. The approach used in the paper can also be applied to other multi-item health scores.
